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(57) ABSTRACT 
Descriptions of video segments for use to search or select 
Video segments are generated by using a combination of 
Video based action type detection and image based object 
detection. Action type detection results in detection of action 
types from a predetermined set of action types, with little or 
no information about actors involved in the action. Object 
detection results in detection of individual objects in the 
images, with little or no information actions. A set of rules is 
used that define one or more roles associated with action types 
and conditions on objects that can fill these roles. Detected 
action types are used to select rules and detected objects are 
assigned to roles defined the selected rule. Score values are 
computed for different assignments of detected objects to the 
role, as a function of the attribute values of the assigned 
objects. A combination of the detected action type and the 
detected objects is selected on the basis of the score values. A 
description of the video segment is generated from the 
selected combination. 
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VIDEO ACCESS SYSTEMAND METHOD 
BASED ON ACTION TYPE DETECTION 

PRIORITY 

0001. This application claims priority to EP 12188420.9, 
filed on Oct. 12, 2012, the entire content of which is incorpo 
rated by reference herein. 

FIELD OF THE INVENTION 

0002 The invention relates to video access systems, such 
as video search engines and video Surveillance systems, and 
to a video segment selection method. 

BACKGROUND 

0003. Manual searching through video data can be very 
time consuming. In its simplest form, searching involves 
viewing video segments and jumping from one segment to the 
next. It has been proposed to speed up this process by means 
of automatic detection of image of interest in the video data. 
In edited video data such as motion pictures, detection of 
scene or shot changes can be used to select images of interest. 
Similarly, in continuous video detection of events like motion 
may be used to select images of interest. In video searching, 
images of interest can be used to identify key frames that can 
be used for faster selection of video segments. Similarly, in 
video surveillance point of interest detection can be used for 
generating alert signals for human Supervisors. 
0004 Better focussed access to video data can be realized 
by means of pattern recognition techniques. For example, it is 
known to recognize objects, such as persons, in video images 
and to retrieve video segments based on a query that identifies 
an object that should be detected in the video segments. 
Another pattern recognition technique comprises automated 
detection and classification of actions that are visible in video 
data. Use of temporal aspects in the video sequence enables 
detection of distinctions between different types of action that 
cannot easily be distinguished on the basis of an individual 
image. Examples of detectable action types include simple 
motion, but also more specific actions throwing, catching, 
kicking, digging etc. Action detection may enable users to 
retrieve specific segments of video data by means of a data 
base-like query that specifies an action type as search crite 
1O. 

0005 Automated detection of specific actions such as 
throwing, catching, kicking, digging etc from Video 
sequences is a complex pattern recognition task, which is not 
easy to program. Known action detection methods make use 
of a decision function that depend on detected local, low level 
time dependent video features derived from the video data. 
By setting parameters of the decision function to different 
values, decision functions are obtained that distinguish dif 
ferent types of action. For example, when Support vector 
machine recognition is used, the parameters may include 
weight factors and a threshold used in a decision function, and 
components of a plurality of Support vectors. Each Support 
vector may contain a set of relative frequencies in a reference 
histogram of different feature values in a video sequence. 
Automated training is used for the selection of the parameter 
values, on the basis of detected features derived from training 
sequences, each in combination with a manually added iden 
tification of the type of action that is shown in the training 
Sequence. 
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0006. It has been found that such an automated training 
procedure can provide for reasonably reliable determination 
of actions type of actions that have been captured in video 
sequences. However, the results are limited to determination 
of the type of action. Training the system to determine addi 
tional features of the action would significantly increase the 
complexity of the training process and the number of exem 
plary video sequences, making training virtually unfeasible. 

SUMMARY 

0007 Among others, it is an object to provide for more 
refined and/or more reliable selection of video segments. 
0008 According to one aspect a video access system 
according to claim 1 is provided. Herein separate action type 
detection and object detection from a video segment is used. 
Action type detection results in detection of action types from 
a predetermined set of action types, without information 
about actors involved in the action (or at least without com 
plete information). Reasonably reliable action type detection 
can be ensured by training methods. Object detection results 
in detection of individual objects in the images, without infor 
mation about the specific actions in which these objects are 
involved (or at least without complete information). The two 
types of detection are tied to each other by means of prede 
termined rules that are defined for individual action types. 
The rules define role or roles of actors involved in the action 
and conditions that have to be met by the attributes of the 
actors that fill the roles (as used herein actors can be persons 
as well as other objects). The rules and associated conditions 
may be defined by information stored in a storage device Such 
as a processor memory, including information that, for each 
rule, indicates a role or roles and a way of computing score 
values from attribute values. In an embodiment, the rules may 
be defined by program code of a programmable processor, the 
program code being configured to make the processor com 
pute the score values. A description generator uses a rule to 
select a combination of a detected action type with a detected 
object that is assigned as to a role, or detected objects that are 
assigned to different roles in the action. A plurality of Such 
combinations may be generated and a selection may be made 
based on computed score values. The score values may be 
computed by Verifying that attributes of the assigned objects, 
or object states expressed by these attributes have values 
specified by conditions that are part of the rule. More prefer 
ably, the score values may be computed by combining belief 
values related to estimates of probabilities from the action 
detector that an action of a detected type is visible and belief 
values related to estimates of probabilities from the object 
detector that attribute values or states of the detected objects 
are visible. 
0009. In this way, object detection can be used to increase 
the reliability of results obtained from action type detection. 
In addition, the rules may provide for the generation of 
searchable descriptions of the actions, which enables search 
ing for video segments on the basis of queries that identify 
actions and/or actors in the searched video segments. Simi 
larly, the rules may provide for the generation of alert signals 
when descriptions for incoming video match a query. In an 
embodiment the description is generated in the form of a 
string of searchable text. This makes it possible to search for 
Video segments by means of known text search engines. 
Alternatively, the description in terms of structured database 
records may be used. This makes it possible to search for 
Video segments by means of known database search engines. 
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0010. In an embodiment, the description generator is con 
figured to compute score values as a function of score values 
generated for the action type by the action type detector 
and/or for the detected object by the object detector. Thus a 
combination of score values, like belief values or probabili 
ties, can be used to reinforce or reduce the score values for 
action types and/or objects based on image feature detection. 
0011. In an embodiment the selection of action types for 
use in the descriptions is not limited to selection of a single 
action type for a video segment, with the exclusion of other 
action types. The description generator may provide for the 
selection of a plurality of action types that apply to a same 
time range in the video segment. It has been found that a 
combination of different action types often applies to a same 
Video segment simultaneously. It has been found that select 
ing more than one action type for use in the description 
provides for better search results. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0012. These and other objects and advantageous aspects 
will become apparent from a description of exemplary 
embodiments. 
0013 FIG. 1 shows a video access system 
0014 FIG. 2 shows a method of accessing video segments 
0015 FIG. 3 shows a method of generating descriptions 
0016 FIG. 4 shows building blocks of a description gen 
eration system 

DETAILED DESCRIPTION OF EXEMPLARY 
EMBODIMENTS 

0017 FIG. 1 shows an example of a video access system, 
comprising a camera 10, a video data storage device 12, an 
action type detector 14, an image processor 16, a description 
generator processor 17, a database 18 and a user interface 
processor 19. 
0018 Camera 10 is coupled to video data storage device 
12. Camera 10 is configured to generate a stream of data that 
represents a temporal sequence of video images, which is 
stored by video data storage device 12. The data may repre 
sent the sequence of images in digitally compressed form 
(e.g. MPEG), camera 10 or video data storage device 12 
comprising a video processor to perform compression. 
Although a single camera 10 and a single video data storage 
device 12 are shown by way of example, it should be appre 
ciated that instead a plurality of storage devices and a plural 
ity of cameras, coupled by a network may be used. 
Action type detector 14 and image processor 16 have inputs 
coupled to video data storage device 12 for receiving the data 
stream or parts thereof. Alternatively, action type detector 14 
and image processor 16 may receive the data stream directly 
from camera10. Action type detector 14 and image processor 
16 have outputs coupled to description generator processor 
17. Description generator processor 17 has an output coupled 
to database 18. Although a single action type detector 14, 
image processor 16 and description generator processor 17 
are shown, it should be appreciated that instead a plurality of 
action type detectors 14 and image processors 16 may be 
used, coupled to different camera's for example, or to differ 
ent storage devices in a storage system. 
0019 User interface processor 19 is coupled to database 
18 and video data storage device 12. Database 18 contains 
descriptions of video segments. Database 18 may contain 
records that identify segments of the video stream stored in 
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Video data storage device 12 or a system of Such storage 
devices, in association with identifications of action types of 
actions that have been detected in the segments, identifiers of 
actors participating in the actions and further parameters 
associated with the actions. In an embodiment, each record 
may contain an identification of a video segment and a textual 
description of the video segment, which allows for searching 
by means of conventional text search engines. Database 18 
may comprise a storage device with storage space for storing 
database records. 

0020 Action type detector 14, image processor 16, 
description generator processor 17, and user interface proces 
sor 19 may be implemented by means of one or more pro 
grammable computers and computer programs for these com 
puters. Different computers may used for each, or one or more 
may be implemented by executing different programs on the 
same computer. Computer executable instructions of the 
computer program may be Supplied from a computer readable 
medium like a magnetic or optical disk or a semi-conductor 
memory. 

0021 Action type detector 14 is a device that detects 
which of a predetermined set of action types is seen to occur 
in a time range in a video stream (i.e. in a video segment of 
temporally successive images in the stream), or at least com 
putes belief values such as likelihood values that an action of 
Such a type is seen to occur. In one example, the set of action 
types includes the action types of approach, arrive, attach, 
bounce, bury, carry, catch, chase, close, collide, dig, drop. 
enter, exchange, exit, fall, flee, fly, follow, get, give, go, hand, 
haul, have, hit, hold, jump, kick, leave, lift, move, open, pass, 
pickup, push, put-down, raise, receive, replace, run, Snatch, 
stop, take, throw, touch, turn, and walk. In particular, an 
action type detector 14 may be a device that derives detections 
of spatially and temporally localized features from a video 
sequence. “Localized' means that the feature depends on 
image content in a limited range of spatial and temporal 
positions (pixel positions and Successive images). In order to 
detect action type, the features include features whose detec 
tion depends on temporal change. An action type detector 14 
may compute belief values from the detected features. Image 
processor 16 is used as an object detector. An object detector 
is a device that detects objects in an image at a time point or 
images in a time range. In an embodiment the object detector 
is a device that detects which of a predetermined set of object 
types are seen to be present in an image. In particular, an 
object detector may be a device that derives detections of 
spatially localized features from an image. Features may 
include features whose detection depends on spatial image 
content change. Alternatively, the object detector may make 
use of detection of image regions with homogeneous image 
properties, the regions being identified with objects. Other 
known image based object detection methods may be used as 
well. 

0022 FIG. 2, 3 show flow charts of operation of the video 
access system. FIG. 2 shows a flow chart of a video access 
process. By way of example a process of retrieval of video 
segments on the basis of queries is shown. In a first step 21 of 
this process, user interface processor 19 receives a query for 
an action. In a second step 22 of this process, user interface 
processor 19 searches database 18 for records matching the 
query. When the records containtextual descriptions, a search 
engine for searching through the textual descriptions may be 
used. 
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0023 The records of database 18 enable user interface 
processor 19 to retrieve identifications of segments of the 
Video stream for which the associated data, Such as action 
type, actors and/or further parameters in database 18 matches 
the query. 
0024. In a third step 21 of the process, user interface pro 
cessor 19 uses the retrieved identifications of the segments of 
the video stream to retrieve the identified segments from 
Video data storage device 12. Images from the retrieved seg 
ments may be displayed on a display screen (not shown). 
Although an example of retrieval of video segments on the 
basis of queries is shown, it should be appreciated that alter 
natively other types of video access process may be used. For 
example, user interface processor 19 may provide for an alert 
generation process, wherein an alert signal is generated, and/ 
or video is selectively displayed in response to generation of 
a record that results in a match with a query. 
0.025 FIG. 3 shows a flow-chart of construction of data 
base records for video segments. In a first step 31, a video 
segment is applied to action type detector 14 and image 
processor 16. In a second step 32, action type detector 14 
computes detection results, such as a likelihood value and/or 
ayes/no detection whether or not an action of one of a number 
of predetermined action types is visible in the video segment. 
Action type detector 14 may do so for a plurality of predeter 
mined types of actions, such as burying, catching, digging, 
dropping, exchanging, falling, etc. In an embodiment an 
action type detector 14 is used that is configured to detect for 
each of a plurality of action type whether they are shown in 
the same segment, making it possible that more than one type 
of action is detected for the same segment. Action type detec 
tor 14 Supplies detection results to description generator pro 
cessor 17. In a third step 33, image processor 16 extracts 
image information from the video segment, the extraction of 
image information may comprise object detection, determi 
nation of features of detected objects and/or determination of 
a track of positions of an object in Successive images. In 
embodiment, third step 33 comprises using the extracted 
object descriptions to generate of event descriptions. Image 
processor 16 Supplies extraction results to description gen 
erator processor 17. 
0026 Description generator processor 17 makes use of 
hypotheses. As used herein a hypothesis is an information 
object that connects detected actions to detected objects. For 
example a hypothesis may connect a detected “chase' action 
to a chasing object (e.g. a person or a vehicle) and an object 
(e.g. a person or a vehicle) being chased. Description genera 
tor processor 17 uses rules that define templates of the 
hypotheses. Each template is associated with a specific type 
ofaction and the template has fields (placeholders) for insert 
ing (properties of objects that fill roles in the action. Each field 
is associated with a different predefined role. Furthermore, a 
rule defines one or more conditions in terms of the objects that 
are assigned to the roles, and/or the properties or state of these 
objects. 
0027. An example of a rule is a template for an action type 
“chase', which has two fields for objects that fill different 
roles in the action: a chasing object (labeled E1) and an object 
being chased (labeled E2). In this example the conditions 
associated with the template may be 

0028 condition(1)=object(E1) moving at time(T1) 
0029 condition(2) object(E2) moving at time(T2) 
0030 condition(3) object(E1) is a person or vehicle 
0031 condition(4)–object(E2) is a person or vehicle 
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0.032 condition(5)=time(T1) and time(T2) overlap 
0033 condition.(6)=the position of object(E2) is in an 
area from the position of object (E1) along the direction 
of motion of object (E1) at time (T1) 

0034 condition(7)=the direction of motion of object 
(E2) is away from the position of object (E1) at time (T1) 

0035. In the rule, (E1), (E2), (T1) and (T2) stand for fields 
(variables) to which concrete objects and time (range) values 
can be assigned. Such objects and values are selected from 
detected objects when the rule is applied. Although the con 
ditions have been expressed verbally for the sake of clarity, it 
should be appreciated in practical implementation they are 
expressed interms of results produced by image processor 16. 
For example, image processor 16 may be configured to detect 
objects in the images of the video sequence and to extract a 
track, i.e. positions values as a function of time. In this case, 
when the rule is applied, “object (E1) moving at time (T1) is 
evaluated as a condition on the differences between the posi 
tions in the track of an assigned object E1 detected in the 
images by image processor 16 that has been assigned to a field 
of the template. 
0036. The rule may be defined by information stored in a 
storage device Such as a computer memory. In one embodi 
ment description generator processor 17 may be configured to 
read this information and to allocate storage locations (fields) 
associated with roles in response to the information, to store 
identifications of objects or attributes of such objects in the 
fields, or to associate objects with identifiers defined by the 
information. Similarly description generator processor 17 
may be configured to compute score values from attributes of 
the objects under control of information in the storage device. 
In an embodiment, the rules may be expressed as machine 
executable program code for description generator processor 
17, to make description generator processor 17, for each rule, 
assign an object or objects to the role or roles and compute 
score values from attributes of the object or objects. 
0037. Description generator processor 17 generates one or 
more hypotheses by using available detected actions from 
action type detector 14 to select rules with associated tem 
plates and available detected objects from image processor 16 
to associate objects with the fields of the templates. Here the 
term “hypothesis' refers to generated information that serves 
to assign an object or objects to a role or roles defined by one 
of the predetermined rules. Preferably, at least one rule is 
provided for each action. More than one alternative rule may 
be provided for a same action. 
0038. In an embodiment, action type detector 14 and/or 
image processor 16 are configured to compute belief values 
for the detection results (also called likelihood values, e.g. 
estimated probabilities that sequence of images indeed shows 
the detected action and/or that the images indeed show the 
detected object and/or probability distributions for the feature 
values of the objects). In this embodiment the belief values 
may be used to compute a belief values for the hypothesis. 
0039. In a fourth step 34, description generator processor 
17 generates hypotheses, by using detected actions from 
action type detector 14 to identify rules and by inserting 
detected objects in the fields of a template associated with the 
rules. A plurality of hypotheses may be generated, if a plu 
rality of actions and/or a plurality of objects has been 
detected. Although the process will be described for an 
embodiment wherein all hypotheses are generated at the out 
set, it should be appreciated that alternatively the hypotheses 
may be generated sequentially and processed one by one. For 
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example, different hypotheses may be generated sequentially 
by sequentially selecting different detected actions and their 
associated rules and sequentially selecting different detected 
objects for the fields in the template. In this embodiment, the 
process may loop through repetitions of the following steps. 
0040. In a fifth step 35 description generator processor 17 
Verifies that the assigned objects satisfy the conditions from 
the rule or generator processor 17, which may be used to 
produce a score value that indicates whether the hypothesis is 
true or false, dependent on whether all conditions are met or 
not. Alternatively, a score value may be generated that 
expresses a more gradual transition between true and false. 
The score value for a hypothesis may be an estimated prob 
ability that the hypothesis is true, a logarithm of Such a prob 
ability or a belief value (i.e. a value that generally changes in 
one direction with increases of the probability). A formula of 
the following type may be used to compute the belief value B 
for a hypothesis: 

0041. Herein w0 is a predetermined weight value associ 
ated with the action part of the hypothesis. B(A, t) is a belief 
value (e.g. an estimate of the probability) that an action of 
type A has occurred at a time t, or a belief value for this, as 
generated by action type detector 14. The sum is taken over 
the conditions of the hypothesis, with predetermined weights 
w(i) for the individual hypotheses. A condition may require 
that an attribute has a specified value, or the object has a 
specified state. In this case B(condition, t(i)) may be a belief 
value that the attribute of the object has the specified value 
and/or the object has the specified State (e.g. an estimate of 
(the logarithm of) the probability that the object is in the 
specified State at a time ti)), as generated by image processor 
16. The rule may express t(i) relative to “t', e.g. in terms of 
equality or a predetermined offset. 
0042. In a sixth step 36 description generator processor 17 
selects hypotheses based on on the computed score values. If 
score values are used that are either have the value false or 
true, all hypotheses with score value “true' are selected. 
When score values are used that may have one of more than 
two values, the score values may still be used for selection. In 
one embodiment a predetermined number N of hypotheses 
with the highest scores B may be selected (higher than the 
score B of any unselected hypotheses). In another embodi 
ment all hypotheses having a belief value B higher than a 
predetermined threshold T may be selected. 
0043. In a seventh step 37 description generator processor 
17 stores records with data values derived from the selected 
hypotheses in database 18. In an embodiment, this comprises 
generating a textual description from each of the selected 
hypotheses, as defined by the template and storing the textual 
description with an identifier of a video segment in the action 
of the hypothesis has been detected, the identifier providing 
information, such as an address, to enable retrieval of the 
Video segment. 
0044. In an embodiment, each template defines a sentence 
of text with fields wherein information from image processor 
16 may be inserted. For the chase action, for example the 
template may define a sentence “Kfield for 
role1 >chases.<field for role2>. Description generator pro 
cessor 17 may be configured to retrieve terms for insertion in 
the fields, based predetermined associations of these terms 
with detected object types detected by image processor 16 
and/or feature values extracted by image processor 16. For 
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example, if image processor 16 has visually detected a object 
of the type “car with a color feature “red' and assigned it to 
the role of “chasing object' and furthermore an object of the 
type “person' has been detected and assigned to the role of 
“chased object', description generator processor 17 may 
retrieve the words associated with these object detection 
results and insert “ared car and “a person’ in the template for 
“chase', resulting in a sentence “a red car chases a person’. 
As will be appreciated, different types of object feature values 
may be associated with different words. 
0045. In another embodiment the descriptions may be 
more structured database records. For example, a description 
record may be a tuple (video segment ID, action code, ID of 
actor with role1, ID of actor with role 2). Herein the actor IDs 
may be references to further records for detected objects, the 
further records containing extracted feature values of the 
detected objects from image processor 16, Such as bounding 
box dimensions, contour data track of positions, a color his 
togram, etc). In this case the description generator processor 
17 adds a description record in database 18 with inserted 
values in the fields, for use in searches as shown in FIG. 2. 
0046. The various steps will be discussed in more detail. 
The aim of the action type detector is to recognize action 
types (verbs) that are used for the description generator. The 
Random-Forest Tag-Propagation (RFTP) may be consid 
ered, which is known per se. The RFTP classifier 11 is a 
rule-based classifier which learns its rules from an abundant 
set of decision trees (i.e. a random forest) 22. In order to 
deliver a list of actions with their probability, the similarity 
distributions over the actions is calculated 23. The core of 
the RFTP method is that it models the probability of a verb (in 
a video) as a consequence of the similarities with all of the 
previously seen videos and the actions that are active in those. 
The training of the RF-TP is described in 11. The RF TP 
outputs a vector containing a belief value for each action 
present in the video. The RF method provides for a way of 
assigning feature values to discrete histogram bins (i.e. quan 
tization). Instead of RF other quantization (binning) methods 
may be used. As an alternative to the RFTP detector an RBS 
based detector may be used, as will be described for descrip 
tion generator processor 17. 
0047. Description generator processor 17 (also referred to 
more briefly as “description generator) may be implemented 
as a Rule Based System (RBS) classifier. World knowledge is 
used coded in rules. The rules are essentially a set of condi 
tions. The conditions are based on the beliefs and relations as 
generated by the event description. Another example of an 
event descriptor for a "chase' action is 

0048 action=chase 
0049 condition(1)=object(E1) moving at time(T1) 
0050 condition(2) object(E2) moving at time(T2) 
0051 condition(3) object(E1) is a person 
0.052 condition(4)–object(E2) is a person 
0053 condition(5)=time(T1) and time(T2) overlap 

0054. In the example, E1, T1, etc. are placeholders for 
actual entity identifiers and timestamps (or time range 
stamps). As more than one entity can be present at any time, 
and as actions might happen multiple times by one or differ 
ent entities, the RBS builds multiple hypotheses. A belief 
value of the action is calculated by taking the sum of the 
beliefs of the triggered conditions (and if the condition is not 
triggered, its belief is zero), divided by the maximum possible 
performance: 

B(hypothesis)= B(conditions)number of conditions. 



US 2014/O 105573 A1 

0055. In an embodiment, the belief is computed from a 
weighted Sum of terms 

0056. Herein w0 is a predetermined weight value associ 
ated with the action part of the hypothesis. P(A, t) is an 
estimate of the probability that an action of type A has 
occurred at a time t, or a belief value for this, as generated by 
action type detector 14. If an action type detector 14 is used 
that merely detects events as a yes/no decision, the first term 
may be omitted. The sum is taken over the conditions of the 
hypothesis, with predetermined weights w(i) for the indi 
vidual hypotheses. P(condition, tCi)) is an estimate of the 
probability that a specified condition from the event descrip 
tor on the properties of an object has occurred at a time ti), or 
a belief value for this, as generated by image processor 16. If 
an image processor 16 is used that merely returns property 
values for detected objects, the probability that the object is 
present, as generated by image processor 16, may be used 
instead of the probability. If an image processor 16 is used that 
merely returns a detection of an object and values of its 
properties, a predetermined value may be used instead of the 
probability. The use of probabilities allows for an inexact 
match between the rules and noisy input data. 
0057 The RBS can be applied as description generator 
due to the generative properties and the structure of the rules 
which connects entities and objects to actions. When applied 
as a description generator the RBS builds the hypotheses and 
selects for every rule the hypothesis with the highest belief 
value. 
0058. In an embodiment, description generator processor 
17 makes a selection among the rules (and their top hypoth 
esis) based on the actions classified by the action classifier. 
For every action description generator processor 17 Selects a 
rule that represents that action. Then, from the list of actions 
the description generator selects a number of actions based 
on: (1) the action probability, (2) the hypothesis score gener 
ated by the RBS, and (3) if an entity or object is present in the 
best hypothesis (which implies that the action is connected to 
an entity or object). For the selected actions, description 
generator processor 17 uses the hypothesis to extract the 
Subject and objects. The actions are used as the verbs in a 
textual description or as value in an action field of a record. A 
sentence of textual description is considered to at least con 
tain a Subject and a verb (e.g. person E1 catches), and a record 
with fields for values identifying a subject and a verb may be 
used. However, the rule can also provide the direct and indi 
rect object (e.g. person E1 catches object E2), and a record 
with a field for values identifying the direct and/or indirect 
object may be used. Additionally the hypothesis provides 
temporal information for the action, which may be stored in a 
time field of the record. The temporal information can be used 
to order the actions in time. In an embodiment, a compact 
sentence is generated for each action using a template filling 
approach. The template provides information about what 
prepositions are used in combination with specific verbs, the 
order of the words in the sentence, and the conjugation of the 
verbs. During search, a query may be matched with the com 
pact sentences of different video segments. 
0059. The description generator was evaluated experi 
mentally on 241 short video segments (also referred to as 
“videos’). For all videos a ground truth was available. In the 
experiment, the ground truth consists of 10 sentences per 
video, written by 10 different people. Some ground truths 
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contained complex sentences (such as Ground truth 
examples: "A man catches a box that is flying through the air. 
“The person caught the box”. “Man catches box flying 
through the air”) and therefore describe multiple actions. Per 
Video at minimum 1, at maximum 10, and at average 4.9 
different actions were present in the ground truth. 
0060. In the experiment, for each ground truth sentence we 
extract the verb, Subject, and object(s), using the Stanford 
Natural Language Parser 24.25. The subject and objects are 
labeled with one of the four categories: person, car, bike, or 
other. The description generator constructs a sentence con 
taining a verb and Subject, and (if detected) a direct and 
indirect object. Its subject and objects are also labeled with 
one of the four categories. The experiment compares the 
following action classifier-description generator combina 
tions: RBS--RBS, and the RF TP+RBS. Both setups of the 
description generator use the same event description data. 
The RBS--RBS uses the RBS both for action classification 
and description generation. The RFTP+RBS uses the RFTP 
to classify actions and the RBS to generate descriptions. For 
the RF TP+RBS the rule set was optimized to gather infor 
mation about the Subject and objects to generate a sentence. 
For the RBS--RBS setup the rule set was optimized for the 
classification of actions. 
0061 We calculate two performance measures: a union 
and a percentage score. For each clip we compare the ground 
truth sentences to the generated sentences. The clips union 
score is the best match for all sentence pairs (i.e. the percent 
age of clips where there is at least one agreement between 
ground truth and generated sentences); its percentage score is 
the mean match corrected for the minimum number of the 
amount of ground truth sentences and the amount of gener 
ated sentences (i.e. the agreement between the sets of ground 
truth and generated sentences). We report the average overall 
clips, for verbs, subjects and objects as well as an overall 
score (the overall score is the mean of the verb, subject and 
object scores). 
0062. The performance for both the RBS--RBS and RF 
TP+RBS is given in table 1. 

TABLE 1 

Performance of the description generator 

Score Overall Verb Subject Objects 

union 61.6% 86.1% 52.3% 51.7% 
percentage 25.4% 38.6% 18.6% 18.9% 
union 68.3% 92.3% 62.0% 67.8% 
percentage 40.4% 59.3% 30.5% 31.5% 

0063 Both on union and the percentage score we see the 
better performance for the RF TP+RBS compared to the 
RBS--RBS, supported by an increase for the descriptions 
Verb, Subject and Object components. 
0064. The performance gain for the verb classification on 
the union score is 6.2%, thus more correct verbs have been 
reported by the RF TP+RBS. For the percentage score the 
improvement is 20.7%, So we also have an improved accuracy 
of the classified verbs. 
0065. The performance on the subjects increased as well 
for both the union and the percentage score, with resp. 9.7% 
and 11.9%. Every generated sentence does at least contain a 
verb and a Subject. The performance gain of the Subject score 
is less than the verbs performance gain, while it would be 
expected to be similar or higher. Both the object and the 
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subject score suffer from too restrictive threshold on the per 
son, car and bike detectors leading to many entities labeled 
other. 

0066. The performance on the objects increased for the 
union and the percentage score by 16.1% and 12.6%. It shows 
that the RFTP+RBS is better in detecting and connecting the 
direct and indirect objects in a video. The results show that the 
discriminative bag-of-features based RFTP is better used as 
verb classifier than the RBS when creating descriptions. 
Although 13 already showed that the RFTP is a good stand 
alone verb classifier, here we see it also performs well when 
applied to a description task. Even though the RFTP classifier 
is not optimized for the description generator (e.g. the set of 
frequently occurring actions may be different) we conclude 
that a dedicated action classifier improves the performance 
significantly. 
0067. The experiments show that a dedicated action clas 
sifier in addition to a description generator improves the 
description performance significantly. Although not perfect, a 
percentage score of almost 60% on correctly reported verbs is 
quite good. The performance on the Subject and objects clas 
sification is currently low. The issue is misclassification of the 
actors in the video and as a result reporting “other as classi 
fication too often. Still, we showed a significant increase in 
the Subject and object recognition scores. This increase can be 
attributed to a better understanding of the scene from the 
description generator. 
0068. The percentage score of the current action classifier 

is expected to improve further if we can train the action 
classifier on the description ground truth. The classification of 
the Subject and objects in the description generator may be 
improved by adjusting the classifiers in visual processing and 
by relying more on world knowledge coded in rules in the 
RBS. Furthermore, it is preferred to reduce the number of 
track-breaks in the visual processing. In an embodiment 
multi-hypothesis tracking (MHT) may be used, as the current 
rule set is quite sensitive to track break errors. MHT is known 
perse. MHT allows a track to be updated by more than step for 
a next image in the video sequence, which results in multiple 
possible tracks. At each next image every possible track can 
be potentially updated with every new update. Thus each 
possible track at one image may branch into a plurality of 
possible tracks at the next image. MHT calculates probability 
values for of each of the possible tracks and typically only 
retains a set of possible tracks with higher probabilities than 
other tracks. We expect that use of more knowledge and MHT 
will significantly boost the recognition performance for the 
Subject and objects. 
0069. A hybrid method has been presented to generate 
descriptions of video based on actions. The method includes 
an action classifier and a description generator. The aim for 
the action classifier is to detect and classify the actions in the 
video, such that they can be used as verbs for the description 
generator. The aim of the description generator is (1) to find 
the actors (objects or persons) in the video and connect these 
correctly to the verbs, such that these represent the subject, 
and direct and indirect objects, and (2) to generate a sentence 
based on the verb, subject, and direct and indirect objects. The 
novelty of our method is that we exploit the discriminative 
power of a bag-of-features action type detector with the gen 
erative power of a rule-based action descriptor. Shown is that 
this approach outperforms a homogeneous setup with the 
rule-based action type detector and action descriptor. 

Apr. 17, 2014 

0070 We argue that most events are characterized by mul 
tiple actions, and not a single one. A typical event is that one 
person approaches the other, walks up to the other person, and 
gives something. These actions, walk, approach, give 
and receive’, occur in a particular order, and are partially 
overlapping. Moreover, there are two persons in this event. In 
general, events may consist of multiple actions and per 
formed by one or more persons. Such events are the topic of 
this paper. 
0071 Automated tagging of realistic video events has 
been considered. A method that produces textual descriptions 
was described. Text has the advantage that it is intuitive: the 
popularity of the Google search engine is that it enables a user 
to perform a text-based search. Our method produces descrip 
tions that cover a wide range of events, they are not limited to 
a particular domain, and they are based on 48 generic human 
actions. 
0072 A contribution of our work is that we take advantage 
of the discriminative power of a set of bag-of-features action 
type detectors 11 to identify the subset of likely actions, and 
to subsequently describe them with a rule-based method that 
relates the actions to entities in the scene. Important aspects of 
our method are classification of actions, detection of actors, 
and connecting the actions to the relevant actors in the video. 
An actor can be a person or an object. The proposed method 
is a combination of an action classifier and a description 
generator. 
0073. Our method is part of a larger system in which 
objects in the scene are detected, tracked and their features are 
captured. This overall system is described in 12,13 and it is 
Summarized here. 
0074 FIG. 4 shows the building blocks of an exemplary 
system for implementing description generation. The system 
comprises a visual processing module, a fusion engine, an 
event description generator, an action classifier, and the 
description generator processor. 
0075. The visual processing module 40 ref 14 is config 
ured to perform three steps. First the extraction of meaningful 
objects and their properties from video by (1) detection of 
moving objects 15, (2) object detection by a trained object 
detector for specific classes like persons and cars 16,17), and 
(3) computation of other features of the objects (e.g. descrip 
tion of pose and body part movements) 18. After detection 
the visual processing module combines items into tracks. 
0076. The fusion engine 41 ref 19 filters and fuses 
tracked objects in order to form entities. In an embodiment 
only entities—a Subset of the detected and tracked objects— 
are selected for further processing. 
0077. The event description engine 42 generates a more 
abstract description. From the low level object features, infor 
mation at situation level 20 is created. There are three types 
of event properties: 
0078 1. Single-entity event properties, which describe 
properties of one entity (e.g. “the entity is moving fast'). 
0079 2. Relations, properties about the relation between 
two entities (e.g. “the distance between two entities is 
decreasing). 
0080 3. Global properties of the scene, which present 
information about the scene that is not exclusively related to 
one or more entities (e.g. “there is only one entity present) 
I0081. A belief value is assigned to each property. 
I0082. The action classifier 43 assigns to all forty eight 
human actions a probability (see also 1). We consider two 
types of action classifiers, which we have compared in our 
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experiments. The first type is a discriminative bag-of-features 
classifier. The second type is a generative rule-based classi 
fier. 
0083. The description generator 44 uses the events from 
the Event Description to build hypothesis about what hap 
pened in the video. The most likely hypotheses are selected 
based on the classified actions combined with the information 
from the hypothesis. The selected hypotheses connect the 
actions to entities and objects. If there are entities or objects 
that can be connected with the action, then a description is 
generated. 
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1. A video access system for generating a description of the 

Video segment based on a predetermined set of action describ 
ing rules, each rule associated with a respective action type 
from a predetermined set of detectable action types, each of 
the rules in the set defining at least one role in the action, and 
based on predetermined conditions defined for the rules, for 
computing score values dependent on the attribute values of 
an object or objects assigned to the at least one role, the 
system comprising 

an action type detector coupled to a source of video data; 
an object detector coupled to the source of video data; 
a description generator coupled to the action type detector 

and the object detector, and configured to 
select a rule dependent on an action type detected from the 

video data for a video segment by the action type detec 
tor, the rule being selected from a predetermined set of 
rules; 

assign detected objects, which have been detected from the 
video data for a video segment by the object detector, to 
the at least role of the selected rule: 

compute score values for assignments of different detected 
objects to the role, each score value being computed 
dependent on the attribute values of the assigned object 
according to the predetermined conditions defined for 
the rule: 
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Select a combination of the detected action type and at least 
one assigned detected objects on the basis of the score 
values; 

generate a description of the video segment from the 
Selected combination. 

2. A video access system according to claim 1, the system 
comprising 

a database for storing records associating identifications of 
Video segments with descriptions, 

a query processor configured to search the data base for 
descriptions that match a received query; 

the description generator being configured to store the 
generated description in association with an identifica 
tion of the video segment in the database. 

3. A video access system according to claim 1, comprising 
a query processor configured to compare the description with 
a predetermined query when the description is generated, and 
to activate a signal in response to detection that the descrip 
tion matches the query. 

4. A video access system according to claim 1, wherein the 
description generator is configured to compute score values 
as a function of score values generated for the action type by 
the action type detector and/or for the detected object by the 
object detector. 

5. A video access system according to claim 4, wherein the 
description generator is configured to compute score values 
according to 

wherein the sum is taken over one or more conditions defined 
by the selected rule, “i' indexing the conditions, w0 and w(i) 
being predetermined weight factors, R(A,t) being a score 
value for an action type A at time t generated by the action 
type detector, R(condition, ti)) being a score value or score 
values generated by the object detector for attribute values 
that are defined by the rule. 

6. A video access system according to claim 1, wherein the 
description generator is configured to generate the descrip 
tion in the form of a string of text. 

7. A video access system according to claim 1, wherein the 
description generator is configured to 

assign combinations of the detected objects to a combina 
tion of roles defined by the selected rule: 

compute the score values as a function of the attribute 
values of the assigned objects in the combination 
according to predetermined conditions defined for the 
rule: 

Select a combination of the detected action type and a 
combination of the detected objects on the basis of the 
score values: 

generate a description of the video segment from the 
Selected combination of the detected action type and a 
combination of the detected objects. 

8. A video access system according to claim 1, wherein the 
description generator is configured to 

Select a plurality of rules dependent on a plurality of action 
types detected for the video segment; 

select combinations of different ones of the detected action 
types and detected objects on the basis of the score 
values; 

generate a plurality of descriptions of the video segment 
from the selected combinations. 
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9. A video access system according to claim 1, wherein the 
action type detector is configured to detect spatiotemporally 
localized image sequence features in the video segment; con 
struct a histogram of feature values of the detected spatiotem 
porally localized image sequence features; and determine the 
detected action type based on a comparison of the histogram 
with reference histograms. 

10. A video segment selection method, the method com 
prising 

determining a detected action type for a video segment, 
and/or a likelihood value of the detected action type, the 
detected action type being selected from a predeter 
mined set of action types dependent on features derived 
from the video segment; 

determining detections and/or likelihood values for 
detected objects in the video segment and attribute val 
ues of the detected objects: 

assigning the detected objects to a role defined in a prede 
termined rule associated with the detected action type: 

computing score values for different assignments of 
detected objects to the role, each as a function of the 
attribute values of the assigned objects according to 
predetermined conditions defined for the rule: 

selecting a combination of the detected action type and the 
detected objects on the basis of the score values: 

generating a description of the video segment from the 
Selected combination. 

11. A method according to claim 10, wherein the descrip 
tion is a textual description. 

12. A method according to claim 10, determining a plural 
ity of detected action types for the video segment, and/or 
likelihood values of the detected action types, the detected 
action types being selected from the predetermined set of 
action types; 

assigning the detected objects to roles of respective prede 
termined rules associated with respective ones of the 
plurality of detected action types; 

computing score values for different assignments of 
detected objects to the roles, each as a function of the 
attribute values of the assigned objects according to 
predetermined conditions defined for the respective pre 
determines rules; 

selecting combinations of the detected action types and the 
detected objects on the basis of the score values: 

generating a plurality of descriptions of the video segment 
from the selected combinations. 

13. A method according to claim 10, wherein determining 
the detected action type comprises 

detecting spatiotemporally localized image sequence fea 
tures in the video segment; 

constructing a histogram of feature values of the detected 
spatiotemporally localized image sequence features; 

determining the detected action type based on a compari 
Son of the histogram with reference histograms. 

14. A computer readable medium, comprising a program of 
machine executable instructions for a programmable com 
puter system that, when executed by the programmable com 
puter system, will cause the programmable computer system 
to execute the method of claim 10. 
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